Incentive-based DR Incentive payment Peak and off-peak tariff Price-based DR Price volatility a b s t r a c t There are two general categories of demand response (DR): price-based and incentive-based DR programs. Each one has its own benefits taking advantage of different aspects of flexible demand. In this paper, both categories of DR are modeled based on the demand-price elasticity concept to design an optimum scheme for achieving the maximum benefit of DR. The objective is to not only reduce costs and improve reliability but also to increase customer acceptance of a DR program by limiting price volatility. Time of use (TOU) programs are considered for a price-based scheme designed using a monthly peak and off-peak tariff. For the incentive-based DR, a novel optimization is proposed that in addition to calculation of an adequate and a reasonable amount of load change for the incentive, the best times to realize the DR is found. This optimum threshold maximizes benefit considering the comfort level of customers as a constraint. Results from a reduced model of the WECC show the proposed DR program leads to a significant benefit for both the load serving entities (LSEs) and savings in customer's electricity payment. It also reduces both the average and standard deviation of the monthly locational marginal price (LMP). The proposed DR scheme maintains simplicity for a small customer to follow and for LSEs to implement.
Introduction
Ongoing developments in the so-called Smart Grid promise a future power system that is more economically efficient, environmentally friendly, fault resilient and operationally flexible. This future system will depend on new digital communications, computing, monitoring and control down to the customer level. Among the many innovations related to these developments, a key component is effective demand side management [1, 2] .
The U.S. Department of Energy (DOE) defines demand response (DR) as "a tariff or program established to motivate changes in electric use by end-use customers in response to changes in the price of electricity over time, or to give incentive payments designed to induce lower electricity use at times of high market prices or when grid reliability is jeopardized" [3] .
The literature broadly shows two types of DR: price-based (PB) and incentive-based (IB) [4] . PBDR programs pass on the variation of wholesale market electricity price directly to customers so that they pay for the value of electricity at different times of the day. PBDR schemes typically considered include: time-of-use pricing, critical peak pricing, peak load pricing and real-time pricing [5, 6] , although there are many other possible PB schemes. The main idea behind all PBDR is that a significant difference between prices in different hours leads customers to adjust timing of their flexible loads in order to take advantage of lower price periods. From the load aggregator or utility point of view, peak shaving resulting a powerful approach to avoid capacity upgrades by peak shaving.
IB programs include Direct Load Control, Interruptible service, Demand Bidding/Buy Back, Emergency Demand Response Program, Capacity Market Program and various Ancillary Service Markets. These programs offer customers incentives in addition to their retail electricity rate, which may be fixed or time-varying for their load reduction. Demand reductions are needed either when required for system reliability or when prices become too high. In percentage terms, IBDR programs provide about 93% of the peak load reduction from existing DR resources in the U.S. today [7] . Among all IBDR programs, the interruptible load contract (ILC) is the most common approach for controlled demand reduction. Utilities and regulators have encouraged ILC for larger loads since 1980s [8, 9] . Peak time rebate is another type of IBDR program [10] ; however, the rebate paid to consumers is typically very high and does not reflect the actual supply-demand market conditions. Each category of DR has its own benefits and takes advantage of different aspects of the potential for flexible demand. In this paper, both categories of DR measures are modeled based on the demand-price elasticity concept to design an optimum scheme for realizing the maximum potential of DR benefit. The main objective is to reduce costs and improve reliability. In addition, we suggest high price volatility negatively impacts both residential customer satisfaction and may be indicative of overall system stress. Thus, DR can be used both to mitigate price volatility and reduce overall costs.
It has been shown that customers' attitudes toward PB and IBDR programs are not similar. From the perspective of human behavior, there are two main reinforcement conditions: reward and punishment, which lead to some significant changes in the subject's behavior [11, 12] . Psychologists mainly believe, in most societies, the reward may cause more considerable improvement for habit development relative to punishment [13, 14] . In this paper, a different elasticity value is considered for each DR program to emphasize this variable response from customers. IBDR as a reward-based system should lead to higher elasticity. Note that the DR discussed in this paper is more related to small customers who cannot participate in a wholesale market directly. As will be detailed in Section 3.2, customers in this study are divided into three groups: small commercial, small industrial and residential.
Price volatility over a period of time reflects the uncertainty of prices. Power markets, especially in terms of hourly prices and peak loads, are often volatile. Several elements lead to price volatility or price spikes [15] . Price spikes may occur when the demand side has no response to electricity prices so generators completely determine price, e.g., when the market lacks sufficient competition to constrain GenCo bids. In addition, price spikes might occur when generation reserves are lower during peak demand hours. To compensate for generation shortages at peak hours, generators with high marginal costs must supply peak demands, which results in a significant under-utilization of such generators at off-peak periods [16] . In some cases, electricity prices can vary by several multiples, e.g., from less than $20 per MWh to several hundred dollars per MWh [17] .
In a competitive electricity market where all generators are paid the market clearing price (MCP) under a uniform price auction structure, even a small reduction in demand can result in considerable reduction in the system marginal costs of production [18] . Although these peak price events may be short in duration, they still add significantly to the average cost per kWh for a consumer. Allowing DR in a constrained electricity grid can significantly lower these peak energy costs and potentially act as a check against the exercise of market power by GenCos [19, 20] .
Literature review
There is extensive literature on PBDR. Jia et al. [21] propose an application of on-line learning theory tailored to the problem of pricing for retail load customers who participate in a demand response program. This work considers thermal dynamic loads for which electricity is consumed to maintain the temperature near preferred comfort settings. In [22] , an optimum time-of-use pricing scheme for use in monopoly utility markets is developed. The optimal pricing strategy maximizes the societal benefit. Vivekananthan et al. [23] propose an improved real time pricing scheme for residential customers using smart meters and in-home display units to broadcast the price and appropriate load adjustment signals. Application of this program manages overloading problems and voltage issues and ensures both customers and utility benefit from this scheme. In [24] , a novel demand response program for optimizing power systems electric vehicle charging load is introduced. A demand response program which includes multiple tariffs for different groups of customers is proposed. Three scenarios are considered, i.e., standard tariff, single-tariff and multi-tariff programs. The results show that a multi-tariff program could help utilities reduce daily cost by 1.5% and help customers reduce electricity bills by 7% compared to the standard tariff. Kamyab et al. [25] used the idea of transferring market price via smart meter in smart grid to design PBDR program for residential customers. They address the interaction among multiple utility companies and multiple customers in smart grid by modeling the DR problem as two non cooperative games: the supplier and customer side games.
The literature on IBDR is also extensive. Research by Yu et al. focused on the price elasticity of electricity demand where the loads are managed using energy management controller units (EMC). The purpose of the study is to maximize benefit of users by considering both load and the corresponding real time electricity prices in the wholesale market [26] . The main goal of research conducted by Pagliuca et al. is to present a new approach to modeling flexible loads to understand the potential of residential demand response. The selected demand response option is based on interruptions of appliances for short periods [27] . Mallette and Venkataramanan investigate financial incentives necessary to encourage plug in hybrid electric vehicle (PHEV) owners to participate in DR program [28] . Zhang et al. demonstrate the potential benefits of coupon IBDR programs using numerical experiments. When there is a potential price spike in the wholesale market based on the ISO/RTO information, load serving entities (LSEs) would set the initial coupon price. After the LSE distributes coupon information to the consumers, these consumers reduce their demand. The LSEs then bid to the ISO/RTO with this response and ISO/RTO determines the LMP based on the demand reductions [29] . In [30] , demand curve flattening and nodal voltage profile impacts are investigated for an IBDR program based on a practical load curve of Punjab State Transmission Corporation Limited in India.
It is possible to use both types of DR programs in various combinations. In [31] , it was found that PB programs would only be effective if a small new electricity supplier had more customers than its electric supply capability and could acquire electricity from other power companies/markets. The research shows that the way to gain the most benefits is through combinations of adequate DR programs to various arrangements in targeted markets. The main focus of the work by Yang et al. is to quantify the benefits of DR. To conduct this analysis, a hybrid market structure with different pricing schemes is assumed [32] . Shu et al. investigate that with properly analyzing the energy procurement cost and user elasticity, a dynamic incentive strategy can be considered in a dual-tariffs system where flat pricing (FP) and time dependent pricing (TDP) coexist. The dynamic incentive strategy gives appropriate incentive to the users who are involved into the TDP program, and guarantee the utility profit at the same time [33] . Wang et al. research presents and analyzes case studies in North America of different electric utility programs, including enabling technologies and incentives for smart grid demand response. The program results are evaluated in terms of reduction in peak load and/or customer energy usage and customer satisfaction. It is shown how various incentives can affect the success and scalability of smart grid demand response programs [34] . Some researchers suggest load modeling enhancement to improve results of DR. Alami et al. [35] discussed in their studies that there are many different alternatives of DR programs for improving load profile characteristics and achieving customers' satisfaction. Regulator should find the optimal solution which reflects the perspectives of each DR stakeholder. They used Multi Attribute Decision Making (MADM) to handle such an optimization problem.
Despite extensive research on various approaches to demand response, there remains a lack of understanding for retail customers who do not participate directly in the electricity market. The ability for each LSE to effectively design and implement DR programs remains limited. The proposed model in this paper attempts to develop a simple framework to consider customer benefits and convenience. Both DR programs in this paper focus on retail customers. In general, the main contribution of this study is designing specific TOU and IBDR program for small customers considering their behavior model and their comfort constraint. Considering the restrictions and limitations for designing DR for small customers, the proposed programs in this study are as close to the reality as possible and practical for almost all the current market infrastructure and regulations in U.S. For TOU program, load variation and economic concern are both simulated which could be weighted by the designer based on their priority. The load variation is especially needed to achieve the market goal which is harnessing the price volatility. Without this part, considering the region based design of DR, there is good chance that load variation becomes worse or remain unchanged. IBDR is also designed in novel format that would calculate required load change, adequate incentive payments and more importantly appropriate time to implement DR. Different type of customers, residential, small commercial and small industrial are simulated in DR program that gives this capability to model their various behavior model, including their load change limit, elasticity value and so on. The design of IBDR program was first proposed by authors in [36] with the main focus on WECC application. In this paper, IBDR is developed to consider customer behavior in more complex format, and in addition combination of TOU and IBDR program is discussed and shows how they could perform together to bring the maximum amount of benefit for all participants. To simulate a more accurate model of customers in IBDR program, the load change threshold for each customer type is derived based on bottom-up model at each load bus. Devices at each sector divided into three parts of the critical, shiftable and reducible load. Using the hourly load profile for each appliance, the maximum hourly amount of reducible and shiftable part of the load is calculated for the entire year. In addition, the sensitivity of LSEs benefit to customer type share in total load signal is discussed to emphasize on the necessity of customer classification in DR programs. The structure of proposed DR in this study is shown in Fig. 1 .
Methodology
The following proposes a combined DR program consisting of both PB and IB programs. A voluntary IBDR program would supplement the mandatory TOU program to increase response as needed for reducing peaks that remain after some load shift from pricing. Both of these DR programs are regional based, so each region would implement its DR program individually considering market conditions. Note while load change in each region may be small, the cumulative effect on prices could be considerable.
TOU design
LSEs, or similarly load aggregators, supply electricity for retail load customers, such as, residential or small commercial and industrial from the wholesale market. LSEs purchase electricity from the market at a variable price while selling it to their customers at a retail load tariff. LSE's benefit is related to the difference of market price and customer price. If we assume the retail tariff is fixed, the LSE's objective function is as follows:
Under this objective function, the LSEs selling price must be regulated since the customer is captive and increasing price always increases profit. The important question here is what the best retail load tariff strategy is specifically for implementing a DR program that supports the overall market. This not only affects the LSE and customer benefits but also directly relates to overall electricity consumption. Different TOU retail tariffs include peak, off-peak, valley, and so on, each of which could vary daily, weekly, monthly or seasonally based on the desired simplicity. In this work, a tariff with a peak and an off-peak price is considered that changes every month, which provides reasonable transparency and simplicity for the customer.
The optimal monthly peak and off-peak tariffs are proposed based on the competing objectives of the customer and the LSE. The customer benefit is considered in objective function since TOU DR program is mandatory based and it should be guaranteed that both customers and LSEs gain benefit and it is a fair program for both sides. In addition, reducing load variation is also addressed in the objective function. The motivation is to not only improve the economical operation of the system using DR but also enhance the efficiency of market generation and reduce the stress of the system due to high load variation. Coefficient ˛ is introduced to represent dolor value of load change in (2) and more importantly to weight priority of each objective. In some cases, like high penetration of renewable resource, LSEs could emphasize more on load change objective to use the potential of renewable generation at the off-peak period.
The output of this optimization is the deviation from fixed price in the peak and off-peak period as well as new hourly load. Load change at each hour depends on two variables: self-elasticity of demand, which represents the change of demand at each time because of price change at that same time, and cross-elasticity, which shows the effect of price change at other times on the load change. This is detailed below:
with the following constraints:
In (2), customer benefit is represented as:
LSE benefit at each bus is calculated as:
In the above formulation superscript 0 indicates the flat rate condition where a price is fixed for the whole month, whereas OPT and PT represent off-peak time and peak time, respectively. Note we can write the deviations from nominal as:
TOU design formula is quadratic optimization with linear constraints that could be solved using any quad solver. In this paper, the interior-point-convex algorithm is used to solve this optimization. The input variables of (2) are hourly load and LMP, self and cross elasticity, peak and off-peak period, and customer fixed tariff (p 0 ). The value of p 0 is not critical since optimization has to find the deviation from this fixed tariff in each period of the day. In this paper, average of LMP in each month is considered as p 0 .
The critical points for the TOU tariff design are both the load and LMP variations. The main objective of the TOU DR program is to reduce load during peak times and consequently, the LMP variation should decrease. Note though that at some times during the year the load variation between peak and off-peak may not be significant. In this case, implementing an aggressive TOU could inadvertently result in a new peak and possibly introduce greater price volatility. These times vary with region but mainly occur during mild weather months, such as the Spring months of March and April in the Western US.
Incentive-based DR design
As is clear in (1), the LSE loses money when the market price is greater than the flat rate price, i.e., during a peak hour with a price spike in the wholesale market. The IBDR programs can help the LSE minimize this loss by paying incentives to reduce demand during these times. The IBDR program can be seen as a reward based plan for customers. Reward based programs tend to have a longer lasting effect on customer behavior [10, 11] . TOU strikes most customers as punishment since typically only a small fraction of the load can be reduced but the price applies to the full load. Consequently, an IBDR program may be more attractive to customers, especially since it typically has a short duration and is required only a few hours each month.
The LSE objective function for an optimum incentive payment with the needed load reduction is as follows:
We separate total load reduction at each hour into three types of customers: residential, commercial and small industrial. Each category has a different elasticity and allowable load change at each hour. During the daytime, industrial and commercial sectors tend to have higher elasticity whereas residential loads tend to have more flexibility in the evenings. The function g j (p inc bt ) reflects the response of the consumer when offered an incentive payment. Under the assumption of linear demand curves, g j can be explicitly expressed as:
The unknown variables in this optimization are incentive payment and load reduction at each hour. As a result, the optimization leads to a quadratic optimization program with linear constraints.
Optimum threshold to trigger incentive-based DR
One important question for designing an IBDR is to determine when is the best time to be implemented, i.e., when is it worthwhile to offer payments to the customer to encourage load change. This question directly relates to total benefit for both the customer and LSEs, as well as important implementation factors such as simplicity, total allowable hours of reduction in a given time period, and so on. Regarding just the simplicity of method, a constant threshold above retail load tariff could be considered. For example, the LSE could ask for DR whenever the LMP in the wholesale market exceeds their selling price by some increment, say $10/MWh. The increment acts as a trigger point for the IBDR program. A constant increment has some disadvantages. One of which is that the total hours of DR in a day cannot be controlled. It is expected that most reductions will need to occur on hot Summer days and might put too great an inconvenience on the customer resulting in a reduction of the number of the volunteer participants. Consequently, an optimum threshold above the market price to trigger a DR programs is proposed considering both benefit and limitation from the customer side. We propose the following objective for the optimum threshold:
Subject to:
In the above formulation, the total hours requesting response are limited. The incentive payment substitutes load change for elasticity in order to simplify. N is an arbitrarily large number used to represent conditions when the constraint is not enforced. Eq. (12) is mix integer quadratic optimization with linear constraints. In this paper branch and bound method is applied to binary variable u t and quadratic part is solved by the interior-point-convex algorithm. The inputs for (12) are peak time tariff, hourly load and LMP and elasticity of each customer type. Results are load change and required incentive payment signal if IBDR is applied and u t is equal to 1. 
Results
For a case study, representative data from the WECC 240 reduced bus system model from the year 2004 is chosen [37] . This system consists of 11 load areas within California ISO (CAISO) and aggregated sub-regions outside of CAISO. There are 16 wind and 4 solar farm areas, 50 aggregated gas-fired generators, 17 coal plants, 4 nuclear base-loaded plants, 27 hydro, 6 geothermal and 3 biomass power plants [37] . Network and generator parameters, including cost function, nominal power, line impedance and hourly load profile are available for this system, so the hourly locational marginal price (LMP) can be calculated for the entire year. MATPOWER is used to solve a DCOPF problem at each hour [38] . The details of DC power flow formulation could be found in [39] . While the analysis is specific to this data, the methodology for optimizing the tariff is general and the regions covered by the data diverse.
The interaction between retail load customer and load serving entities (LSE) is an important concept in this paper, so the 129 load buses are divided into 14 regions. For simplicity, it is assumed that each region belongs to one LSE that serves all buses in the region with the same tariff and each load bus is an aggregator for the retail load customers. The name of each region with the number of buses within their authority is listed in Table 1 .
Load characteristic and elasticity
The affordable load reduction at each hour is limited due to the types of loads. Devices in the residential and commercial sector can be divided into three groups: (1) reducible loads, whose consumption can be interrupted at a specific time and will not need to be supplied in the future; (2) shiftable loads, whose consumption can be shifted to another time of day; and (3) firm loads that are so important for the customer. For this group of devices, no manipulation on the pattern of consumption is acceptable.
Making the assumption that 10% of the demand of each device is reducible and using the load profiles for each device from [40, 41] maximum affordable limit of load reduction at each hour would be calculated. The RELOAD database, as used by the Electricity Module of the National Energy Modeling System (NEMS), consists of a variety of 1486 representations of load shapes for the residential, commercial, and industrial demand sectors. A load shape typically consists of a sequence of hourly electricity loads over the period of one year. The full load shape, consisting of a set of 8760 separate values for electricity loads, can be summarized or represented by using average or typical days instead of all the days of the month. The 28-31 days of each month can be summarized or represented by using a typical or average weekday, a typical or average weekend day, and a peak day. Fig. 2 shows on example of load profiles for space heating in western regions in February.
In Table 2 summary of elasticity value that is used in TOU and IBDR program is shown. For each customer type, the lowest reported value for elasticity is used to reflect lower uncertainty in customers response. As it showed before, the proposed IBDR program has this capability to consider any form of customers comeback to incentive signal. In this paper, constant elasticity is considered for each customers type. However, the sensitivity of IBDR program toward variation of elasticity is discussed in details in other studies of the authors [44, 45] .
Peak and off-peak tariffs results
As explained in Section 2, a monthly peak and off-peak retail load tariffs is considered for the TOU scheme. Peak time is assumed from 10 a.m. to 10 p.m. and off-peak from 10 p.m. to 10 a.m. A constant retail load tariff for the TOU program design corresponds to the average monthly LMP in each region. Maximum load change at each hour is calculated based on shiftable appliance according to Section 4.1. The main focus in this section is on the shiftable load for this DR program, and small portion of 1% for reducible load is modeled in TOU program. According to the output of the TOU optimization from Eq. (2), the peak and off-peak tariffs difference can be calculated using hourly load profile and LMP for the entire year. For case study ˛ is considered to be 1$/MWh to reflect more less emphasize. Results for the San Francisco and PG&E region are shown in Fig. 3 . Constant price is indicated by (*) whereas upper and lower lines provide the peak and off-peak tariffs in each month. The difference between peak and off-peak is greater in Summer months and it could reach to as much as $20/MW.
In PG&E, there is no difference between the peak and off-peak tariffs in January, March and April and little difference in February. As mentioned in Section 3.1, TOU demand response programs are more suitable if there exists a considerable difference between peak and off-peak time prices and loads. In most regions in the WECC model during these months, the LMP curve has a low standard deviation and a small difference between day and night. As a result, there is little benefit to TOU in these months. An exception is the Northwest region. The LMP has small standard deviation (less than 0.5) and the day and night average are close. For the Northwest only in January does the cold weather make some sense for TOU. For other months, IBDR is required to reduce peak prices.
Load change threshold for IBDR program is found according to controllable device in Section 4.1. Load and retail load selling price are found by TOU program. To find the optimum threshold in Eq. (12), the maximum hours that IB can be activated in each day is Table 2 Elasticity value for each DR program [42, 43] . set to three. The maximum number of monthly hours is limited as well. Since the TOU program decreases the number of price spikes, the need for the incentive program is also reduced. Results show the maximum percentage of time that DR activates yearly is 18% (1621 h) in the SCE region, but on average just 8% of the year (699 h) requires IBDR. Thus by shifting load less than 5% and reducing 10% of the total load for 8% time of year, a large saving and significant effect on LMP curve can be achieved.
Effects of DR programs on LSEs net revenue
Both TOU and IB need to bring an acceptable amount of benefit for the customer and LSE to be acceptable. Table 3 shows LSEs net revenue change for each program based on the optimization procedure and then combined for low and high beneficial regions. Base case in this table is the LSE total net revenue without any DR programs calculated according to (1) as the difference between market price and the flat rate tariff. Notice TOU benefit tends to be uniform for most regions while IB varies more. This is due to the nature of the original LMP spikes variation in each region. If the TOU program can eliminate most of the higher values of LMP then there may not be much benefit to the IB program. LSE net revenue per total load ($/MW) for the base case, after TOU and after IB is shown in Fig. 4 . Base case in this figure means with no demand response program but with the optimized tariff. Fig. 5 shows the LSE total net revenue relation by average LMP during high price periods. Regions with higher average LMP have higher revenue by demand response programs.
Effects of DR programs on customer electricity payment
Customer reduction in electricity costs is shown in Table 4 . The base case is the customer payment without any DR which is assumed to be on the flat rate price based on the seasonal average of LMP in each region. This saving mainly arises from the TOU program since incentive payments are only for customers who participate, which is a small fraction of total demand. Customers who participate in the program earn $2.86/MW on average for their load change. Fig. 6 shows the customer saving and LSE net revenue change exclusively through the TOU demand response program. Relative benefits are similar, which suggests a fairness in the program. Customer saving and LSE net revenue after both DR programs are shown in Fig. 7 sorted based on regions with the highest benefit. The revenue for LSE and customer savings remains comparable. Thus, the results here for the proposed DR program appear to adequately benefit both the customer and LSE.
Effects of DR programs on LMP
In Figs. 8 and 9 , the monthly average LMP and standard deviation are shown before and after the DR programs in two example regions. LMP average and volatility is relatively small in the Winter and higher during the Summer peak period as expected. The optimum DR tariff proposed here does reduce both average costs and volatility.
Customer type effects on DR results
As it explained before, the proposed IBDR formula in this papers designed based on different customer type, e.g., residential, commercial and industrial. This option gives this possibility to LSEs to simulate diversity of customers behavior and make their DR program more accurate and realistic. In this paper results are reported based on equal share for each customer type at each load bus. Since the case study is done on WECC 240 reduce model, which each bus is aggregated of various small neighborhood regions, this assumption is reasonable and would not cause large error. However, to emphasize more on necessity of customer classification in DR design, sensitivity of LSEs benefit toward customer grouping is shown in this section. Fig. 10 example of LSEs sensitivity to share of each customer type for PG&E region in July. On the horizontal axis, the first row is the ratio of industrial demand to the total load and the second row is the summation of the residential and commercial demand in percentage. As it shown, when the population of residential and commercial increase the LSEs revenue using DR is also increased. The reason is higher elasticity and more flexibility for load change from this group of customers in compare with industrial loads. However, for higher residential/commercial load share (bigger than Fig. 10 . Sensitivity of LSE benefit to customer type share-PG&E region -July. 60%), LSE benefit is less sensitive to the customer type even though it continues to gain benefit.
Conclusion
In this work, a demand response model combining TOU and IBDR programs is analyzed. The model considers both single and multi-period loads using concepts of demand-price elasticity. The comprehensive model explores the potential of both reward and punishment in DR tariffs. A method to design optimum peak and off-peak customer tariffs is developed, which calculates the load change using self-and cross-elasticity. A novel formulation for the optimal tariff is proposed. The optimization determines not only the appropriate incentive payment and load reduction but also when to activate the IBDR program. A successful demand response program can significantly reduce electricity prices, improve system reliability and reduce price volatility. A case study using representative data from the WECC 240 bus reduced model demonstrates the effects of the proposed DR programs on reducing price variation and demand peak power using both load shifting and load shedding. It shows that in Summer, which is peak season of consumption, average LMP could reduce more than 15$/MW and standard variation would decrease as much as 10$/MW. Consequently, total generation cost reduces significantly and all participants in the market, including LSEs, benefit. Customer savings consists of the incentives received and lower prices that together bring significant savings. Case study n WECC shows, customers could save up to 10% on their monthly bill and LSES could have up to 50% more revenue using the proposed DR scheme in this study.
